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Biharmonic Distance and the Performance of
Second-Order Consensus Networks with Stochastic
Disturbances

Yuhao Yi, Bingjia Yang, Zhongzhi Zhang, and Stacy Patterson, Member, IEEE

Abstract—We study second order consensus dynamics with
random additive disturbances. We investigate three different
performance measures: the steady-state variance of pairwise
differences between vertex states, the steady-state variance of
the deviation of each vertex state from the average, and the
total steady-state variance of the system. We show that these
performance measures are closely related to the biharmonic
distance; the square of the biharmonic distance plays similar
role in the system performance as resistance distances plays in
the performance of first-order noisy consensus dynamics. We
further define the new concepts of biharmonic Kirchhoff index
and vertex centrality based on the biharmonic distance. Finally,
we derive analytical results for the performance measures and
concepts for complete graphs, star graphs, cycles, and paths, and
we use this analysis to compare the asymptotic behavior of the
steady-variance in first- and second-order systems.

Index Terms—Distributed average consensus, network coher-
ence, Laplacian spectral distance, biharmonic distances, Gaussian
white noise

I. INTRODUCTION

Consensus dynamics have been studied intensively in the
context of distributed networked systems because these dy-
namics represent a fundamental way of sharing information
between agents in the network. Consensus algorithms can
be widely applied to many real-world applications such as
clock synchronization [1], [2], load balancing [3], sensor
networks [4], formation control [5] and distributed optimiza-
tion [6].

In consensus dynamics, when nodes are subject to ex-
ternal disturbances, these disturbances prevent the system
from reaching consensus, instead making node states fluctuate
around the current average [7]. Many works have explored
analytical methods to quantify the steady-state variance of
the deviations from the average. The vast majority of these
have considered first-order consensus algorithms [7]-[12].
It has been shown that, in such systems, the total steady-
state variance can be described by resistance distances in an
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associated electrical network [8], [9]. And, in turn, resistance
distances are given by the covariance matrix of the vertex
states in such a dynamical system [13].

Many real world systems can be more accurately mod-
eled using second-order dynamics. For example, second-order
consensus protocols are applied to formation control because
they capture the kinematics of the vehicles [14]. Clock syn-
chronization algorithms using second-order consensus scheme
have also been studied [1]. While second-order dynamics
have important applications, analysis of the effects of external
perturbations on second-order systems remains limited when
compared to recent work on first-order systems. Previous
works have shown that the fotal steady-state variance in such
systems are determined by the eigenvalues of the Laplacian
matrix, and asymptotic behaviors for macroscopic and micro-
scopic behaviors of the variance have been so studied in [7].
However, no unified metric for second-order systems that is
similar to resistance distance for first-order systems has been
previously proposed.

In this paper, we propose biharmonic distance as a tool
to analyze second-order consensus dynamics with external
perturbations. Biharmonic distance is defined based on the
spectrum of the Laplacian matrix, and it has been used in
computer graphics [15] as a metric that incorporates both
local and global graph structure. We study three performance
measures in second-order consensus systems: the variance of
of the difference between the states of any pair of vertices, the
variance between an individual vertex state and the system
average, and the total variance of the system. For each of
these performance measures, we show how it can be analyzed
in terms of biharmonic distances. In addition, we introduce a
new notion of vertex centrality based on a biharmonic vertex
index. A vertex with higher biharmonic centrality has smaller
steady-state variance. We then derive closed-form solutions for
the biharmonic distances and related performance measures for
complete graphs, star graphs, cycles, and paths. Finally, we use
this analysis to compare the behavior of the steady-variance
in first- and second-order systems.

Related work: Bamieh et al. introduced the concept of net-
work coherence, a measure of the average steady-state variance
of node states, for both first- and second-order consensus
dynamics with stochastic external perturbations. This work
showed a relationship between coherence and the spectrum of
the Laplacian matrix and derived the asymptotic behavior of
coherence in torus networks [7]. Several works have analyzed
the coherence of first-order consensus in different classes
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of networks. Young et al. [8] elated network coherence to
the Kirchhoff index of a graph and presented closed-form
results for the coherence of cycle, path, and star graphs with
first-order noisy consensus dynamics. Patterson and Bamieh
analyzed coherence in several forms of fractal trees [9] and dis-
cussed the impact of fractal dimensions on network coherence,
and Yi et al. investigated coherence in Farey graphs [11] and
Koch graphs [16] as deterministic generated representatives of
small-world networks and scale-free networks.

There have also been several recent works on analysis
of coherence for second-order systems in different graph
topologies. Namely, the second-order coherence of torus [7],
fractals [9], and Koch graphs [16] have all been analyzed.
However, none of these works have developed a general
mathemtical connection between second-order coherence and
a graph distance metric.

With respect to biharmonic distance, the recent work by
Fitch and Leonard [10] used a slightly different definition
of this distance to describe the centrality of multiple leaders
in first-order consensus systems with leader nodes. We show
that, while related, this different definition cannot be extended
to describe coherence in leader-free second-order consensus
networks.

The remainder of this paper is organized as follows. In
Section II, we introduce notation and the system dynamics
studied in this paper. In Section III, we first describe the
notion of biharmonic distance and its definition. We then intro-
duce graph indices and vertex centrality based on biharmonic
distance. In Section IV, we show that biharmonic distance
plays a important role in perturbed second-order consensus
dynamics, and we give relationships between coherence per-
formance measures and the biharmonic distance and its derived
indices. In Section V, we compare the relationships between
first-order noisy consensus dynamics and resistance distance
and second-order noisy consensus dynamics and biharmonic
distance.Section VI gives closed-form solutions for the coher-
ence performance measures for complete graphs, star graphs,
cycles, and paths. In Section VII, we further investigate these
performance measures using numerical examples. Finally, we
conclude the paper in Section VIIL

II. PRELIMINARIES

A. Concepts and Notation

Let G be an undirected connected graph, and let V =
{0,1...,N — 1} and & be the vertex set and edge set that
constitute G as G = {V,E}. Let N = |V| and M = [€|.
Define A as the N x N (0-indexed) adjacency matrix of G,
in which a;; = 1if {7,j} € F and a;; = 0 otherwise. Let
D be the diagonal matrix where d;; is equal to the degree of
vertex 4, i.e., dj; = vazgl a;j. Define L = D — A as the
Laplacian matrix of graph G. We use \; and u; to denote the
i-th eigenvalue and eigenvector of L, i € {0,1,...,N — 1},
where 0 = A\g < Ay < --- < Any_1. The all-one vector of
order N is denoted by 1. Therefore, vy = \/LNI ~. Then,

L can be diagonalized as L = UAU ", where A € RV*¥ g
diagonal and A;; = \;, U € RV*N | with its ith column being

u;. In addition, we denote by LT the pseudo-inverse of L, and
define L2 = (L1)2.

B. System Dynamics

Each vertex in the network has a scalar-valued state. Let
x1(t) be the N-vector that contains the states of all vertices;
x1;(t) represents the state of vertex j, j € {0,1...,N —1}.
Then, we define x2(t) as the first derivative of z1(¢) with
respect to ¢, that is, z2(t) = &1 (t). A vertex j adjust its state by
setting #9;(¢) according to the differences of its state (x1;(¢)
and x9;(t)) and the states of its neighbors. The following
equation gives the noisy second-order consensus algorithm:

IR R | R A O
where 0, I, and L are all N x N matrices, and w(t) is a
2N-vector of uncorrelated Gaussian white noise processes.

C. Performance Measures

Because the state of each vertex is disturbed by Gaussian
noise, the networked system can never reach exact consensus.
Therefore, we are interested in the expected deviations of the
states of the vertices. In particular, we are interested in three
performance measures related to these deviations, which we
define below.

First, we want to know how far the states of two vertices are
driven away by disturbances. Therefore we study the steady-
state of the variance of this pairwise deviation.

Definition II.1. For any two vertices j,k € V, the pairwise
variance Hgo (4, k) is the steady-state variance of the differ-
ence between x1; and x1y, i.e.,

Hso(j, k) = lim E[(21;(t) — z1(1)’). (2)

We note that in a d-dimensional torus Z%,, Hso(j,j — 1)
is the second-order microscopic coherence defined in [7], and
Hso(j,7 + %) is the second-order long-range coherence de-
fined in [7]. Thus, our pairwise variance performance measure
is a generalization of these two performance measures.

We are also interested in the variance of the difference
between the state of a vertex and the (current) average value
in the network. Let Z;(t) be the average state Zi(t) =
% 1},@1 (f) .

Definition IL.2. For a vertex j € V, the vertex variance
Hso(j) is the steady-state variance of the difference between
x1(t) and T1(t), ie.,

Hso(j) = Jim El(w1;(t) — 71 ()], 3)
Finally, we are interested in the total variance of the system.

Definition IL.3. For a network G, the total variance Hgo(G) is
the total steady-state variance of the deviation of each vertex
state from the current average, i.e.,
N—-1

E((y(t) - 22(1)°]. @)

J=0

= lim
t—o00

Hso(9)

In a d-dimensional torus Z%, Hso(G) is the variance of the
deviation from average defined in [7].



III. BIHARMONIC DISTANCE

Several slightly different definitions of biharmonic distance
have been proposed in related literature [10], [15], [17]. In
this paper we follow the definition in [15] and [17], which is
as follows.

Definition III.1. The biharmonic distance dg(j, k) between
two vertices j and k in a undirected graph G is:

N—-1
L+ Ll —203 = > i(u»—
jk — )\2 2]

i=1 i

dp(j, k) = wir)’. (5)
Note that this definition is equal to the square root of the
one used by Fitch and Leonard in [10].
Biharmonic distance is a metric, as shown in the following
theorem. While this result has been previously proved [15],
we include a proof for the convenience of the reader.

Theorem IIL.1. The biharmonic distance dg(j, k) is a V X
V — R metric, which is equivalent to satisfying the following
properties:

o Non-negativity: dg(j, k) = 0,

o Nullity: dp(j,k) =0 if and only if j =k,

o Symmetry: dp(j,k) = dp(k,j), and

o Triangle inequality dg(j,r) + dg(r,k) > dp(j, k).

Proof: The non-negativity and symmetry are easily ob-
tained from Definition III.1 along with the fact that L is
positive semi-definite. Assume dp (j, k) = 0 for j # k, then
wi; = ugy for all ¢+ € {0,1 —1}. Since L = UAUT,
Lj; = SN Nwgjug; and ij = Zjvz L' Aiuijug. This leads
to Lj; = Ljj, for j # k, which contradicts with the definition
of the Laplacian matrix.

The triangle inequality can be proved as follows. Define a
vector,

N—
ZA—J u; € RN for j=0,1,...,N—1.

We note again that u; is the 7th eigenvector, and wu;; is the
jth entry of u;. Then it follows that the Euclidean distance
[lv; — vi||2 between v; and vy, is

3 (uij ; Uik) »

i=1 v

N—-1

B (uij — wir)?
- X

2 i=1

lvj —vkll2 =

which means dg(j,k) is equal to ||v; — wvill2. Since the
Euclidean distance in RY is a metric and, therefore, satisfies
triangle inequality, dg(j, k) also satisfies the triangle inequal-
ity. [ ]

We observe that v,,j € {1,..., N} assigns a position to
vertex j in RN Euclidean space that preserves biharmonic
distance.

Definition IIL2. We define an N-dimensional mapping of of
the vertices in G, F : V — RN, For any vertex j, F(j) =
vj = LTe;. vj is a biharmonic embeddings of graph G in RY.

Based on the definition of biharmonic distance, we also
define the following graph indices.

Definition IIL3. The biharmonic Kirchhoff index D%(G) of

a graph G is
= > di(ik)

J,kev
i<k

(6)

Definition IIL4. The biharmonic vertex index D%(j) of a
node j in a graph G is

=Y dB(ik) @)
keVv
We can derive from the definition of dz(j, k) that
N-1
D%(G) = N ! ®)
= ()7

Finally, for a vertex j in graph G, we can define its centrality
based on biharmonic distances.

Definition IILS. The biharmonic centrality of vertex j in
graph G is

oot = (&D30)) ©)

IV. BIHARMONIC DISTANCE IN SECOND-ORDER
CONSENSUS DYNAMICS WITH DISTURBANCES

The equation (1) gives the dynamics of the second-order
consensus algorithm with stochastic perturbations. The devia-
tion of the state of vertex j from the average of all states is
given by y;(t) = x1;(t) — Z1(¢). Let y(t) be a N x 1 vector
representing all vertices’ deviations from average,

y(t) = [ | 0] (t)

where IT = Iy — +1x1}. The performance measures we
study in this paper can all be expressed in terms of of y(t).
Specifically,

Hso(j, k) = lim E[((1,(t) — 71(1)) — (z1x() = 21(¢)))’]
= Jim E[(y;(t) - yx(1))’] (10)
Hso(j) = Jim E[(w1,(t) - 21(1))°] = lim Efy;(1)’] (1)

= HSCl (t) s

Hso(G) = lim > Efy;(1)°] (12)
j=0

However, the system described by (1) is only marginally
stable [8]. To obtain a stable system, we only consider the
dynamics in the subspace that is orthogonal to the subspace
spanned by 1. We define @ as a (N —1) x N matrix whose
rows are the eigenvectors of L, excluding 1. We recall that
L can be diagonalized as UAU T, where U is a unitary matrix
and A is a diagonal matrix. Then, QT is the submatrix of U
formed by eliminating the first column. It is easy to confirm
that Q1y =0, QQ" =Iny_1, Q'Q =1L and LQ'Q = L.
Then, we define

21(t) =[Q [ 0]z(t) = Qua(t),



and note that y(t) = QT z;(¢). It indicates that we can write
expressions for our performance measures using z1(¢). Let
29(t) = 21(¢). Then (1) leads to

{ 602 602 } [ 28 } :{ —QLOQTQ —QLQQTQ ] { 223 ]
+[ g .

Therefore, we obtain a stable system:
Z2() | 0 In_ z1(t) 0
Bt R RO
= QUAQU)T

where A = QLQT = diag(/\l,...,)\N_l).
We can always find the unitary (orthogonal) permutation
matrix V € {0, 1}2N=2)x2N=2) qych that

20 [ B0 ]+ (o ]e. o
where K is the block diagonal matrix,
Py
K = , (14)
Pn_4

with each P; defined as:

0 1

Hereafter, we use the system dynamics in (13) to develop
expressions for the performance measures defined in Sec-
tion II-C.

A. Pairwise Variance

Theorem IV.1. The pairwise variance of the difference be-
tween states of vertices 7 and k with dynamics (1) can be
expressed by the spectrum of the Laplacian matrix of graph
g as

N— 1

u”L u”Lk
=2 e

i=1

Hso(j, k 5)

Proof: We start by expressing Hso (7, k) in terms of 2 (¢),
Hso(j,k) = tli{{}oE [y (e; — ek)(ejT —ep )y(t)]
— Jim E[QT2()(¢; — e)(e] —e))QT (0]
= m E[=1()7Qle; — en)e] —e))QT (1)
= lim E [tr((¢j —ex)' Q" 21(t)z1(t) " Q(ej — ex))]

t—o00

where ¢; is the jth canonical basis vector of RY. We define
the output of the system as

o(t) = (e; —ex) ' Q" [In_1|0n_1]2(t)
= (e —ex) QT z(t).

= E[¢(t)p(t) " ]; therefore, Hso (4, k) =
[tr (limy— 00 X(2))] =: [tr (2)].

(16)

Then, we define X(¢)
limy oo [tr (2(2))] =

For the state-space system given by (13) and (16), the square
of the H2 norm of the system is

ng/OOBTe—M”Ze—Mtht, (17)
0
in which
B = 0 ] (18)
— 0
M=\ _OA _IA ] and (19)
5| Qe - ek)(%?(ej —er)’ 8 20)

It follows that Hso(j,k) = H3 = tr (B'EB). X is the
solution of the following Lyapunov equation,

M'S+YM+Z=0. 1)
The equation is equivalent to
VM'SVT +VEMVT = -VZV'T or
VM'VHVEY )+ (vEV (VMY T) = -VZVT

where V' was defined in (13) as a (unitary) permutation
matrix. We denote by K = VMV and © = VXV . Then
equation (21) can be written as

K'Oo+0K=-vzv’

Z11 Zy(N-1)
= - : : ; (22)
Z(N-1)1 Z(N—1)(N-1)
fori,me {1,...,N — 1},

Tim = |: (QiijJ Qlemk szQm] +szka> 8 ]

0 0

We note that K is block-diagonal. Substituting (14) into
diagonal blocks of (22) yields Pf@ii + 0©,;;P;, = Z;;. Since
Zi; and P; are symmetric, ©;; is also symmetric. We write

_ [ (WijUmj — WijUmk — UikUmj + WikUmk) O ]

Gii as
Xy Uy
Ois = [ Ui Y }
Then,
0 N Xii Uy n X Wy 0 1
1 N W Y W, Yy i N
| (g uik)2 0
o 0 0|’
which leads to
(wij — uir)
Y =
2)\2

Then, we derive that

Hso(j, k) = H2 =tr (BTSB)* = tr (BTV OV B)
—1 N—-1

Wij — Wig)>
=Y = Y i

i=1 i=1

(23)



|
Applying (5), we immediately obtain the following theorem.

Theorem IV.2. For any vertex pair j and k in a network G
with dynamics (1),

Hso(j, k) =

This theorem shows that the pairwise variance between ver-
tices j and k is proportional to the square of their biharmonic
distance.

1
550, k) (24)

B. Vertex Variance
We first give an expression for the vertex variance in terms
of the eigenvalues and eigenvectors of L.

Theorem IV.3. For any vertex j in network G with dynam-
ics (1)

(25)

N-—
Hso(j Z

Proof: First, we derive an expression for the vertex
variance in terms of z1(¢),

Hso(j) =
= lim E

[y
Jim E |
[ (
[tr(

‘“‘l\?

ejej y(t ]
(e Q z1(t)]
2 ()" ere Tz (t)]
:tILI&EtreQ ()Qe)}
With this, we define the output for the dynamics (13) as,
$(t) = e Q [In-1|0n-1]2(t) = €] QT 21(t).

Again, we define X(t) = E[¢(t)¢(t) "], therefore Hso(j) =
limy o0 [tr (X(¢))] = [tr (lim;— oo X(2))] =: [tr (2)].

For the state-space system given by (13) and (26), the square
of H2 norm of the system is also defined by (17), in which
B and M are given by (18) and (19), Z is expressed by

_ [ Qej(Qep)" 0
Z= 0 0

lim E |y(¢
t—o0

= lim E

t—o0

(26)

It follows that Hgo (j) = H3 = tr (BT XB). X is the solution
of the following Lyapunov equation,
M'S+SM+2Z=0, 27)
The equation is equivalent to
K'O+0K=-vzZV'

[ Zu Zy(N-1)

L Z(n-11 | 0 | Z(N-1)(N-1)
where

7 [ QijQmy 0] _ [ ugjum; 0
R 0 0 0 01"’

for i,m € {1,...,N — 1}. We recall that K = VMV and

O=Vv'.

Substituting (14) into diagonal blocks of (28) yields

PiTGii—i—@iiPi = Z;;. Similar to the pairwise case, we assume
Xy Wy
By solving P,"0;; + ©,; P, = Z;; we derive
2
us.
Vii= 5% -
227
Then we obtain
Hso(j) = H3 =tr (B'EB) = tr (B'V'OVB)
N—-1 N—-1 ug_
_ N ij
=2 (i) =3 o2 (30)
i=1 =1
]

We next use Theorem IV.3 to derive an expression for the
vertex variance in terms of biharmonic distances.

Theorem IV.4. For any vertex j in network G with dynam-
ics (1), the variance of difference between the state of a
vertex and the system averge is decided by the spectrum of
the Laplacian marix of the graph, that is

1 1
D3 —D7? :
o (D30 - 5 03(0))
Proof: The biharmonic distance from vertex j to all other
vertices is

Hso(j) = (31

(32)

Substituting (8) and (25) into (32), we obtain

Dg(j) _ DE(9)
2N 2N?

Hso(j) = (33)

C. Total Variance

Finally, we present expressions for the total variance in
terms of the spectrum of the Laplacian matrix.

Theorem IV.5. The total steady-state variance Hso(G) of
system (1) is
No1oy
Hso(G) =) VR
i=0 7

(34)

Proof: Since,

N—-1
Hso(G) = > Hso(j),
§=0



we immediately obtain

N1N12

— 2 23

=0 =0

2
Hso(G

2)\2

NNJ
s.\;‘

j=0

<.

|

In similar fashion, we use (8) to obtain the following

theorem about the relationship between the total variance and
biharmonic distances.

Theorem IV.6. For a network G with dynamics (1), the total
variance is given by the biharmonic Kirchhoff index of the
graph, specifically,

Hso(G) = L pz %(9). (35)

2N

V. RESISTANCE DISTANCE IN FIRST-ORDER CONSENSUS
DYNAMICS WITH DISTURBANCES

In this section, we briefly review first-order consensus
dynamics with stochastic disturbances and the relationship
between resistance distance and the total steady-state variance

The first-order consensus system is formulated as

i(t) = —La(t) + w(t),

where x(t) € RY represents the states of the vertices, and
w(t) € RY is a vector of uncorrelated Gaussian white noise
processes. The total steady-state variance of the system is

(36)

Hro(G) = lim > E[(;(t) —2(1)*], 67

where Z(t) = 1 z(t).

The total steady-state variance Hpo can be expressed in
terms of resistance distances in an electrical network. We first
formalize the notion of resistance distance and the Kirchhoff
index.
Definition V.1. The resistance distance dg(j, k) between two
vertices j and k in an undirected graph G is defined as

No1
dr(j k) =L}, + L, —2LT, =" 3 (i — wir)? .

i=1 "

(38)

Definition V.2. The Kirchhoff index Dr(G) of a graph G is

defined as
= Z dR(ja k

JkeV
j<k

(39)

It has been shown [7], [18] that the Kirchhoff index is
related to the total steady-state variance of system (36) as

Hro(G) = —DR(Q)

2N

We also note that the notion of the information centrality of
a vertex can be expressed in terms of resistance distances. If
we defined the sum of resistance distances between all vertices

to a vertex j as
— Z dR(j7 k) 5
kev

(40)

(41)

then the information centrality of vertex j in graph G is [19]
-1
. 1 .
Cr(j) = (NDR(])) :

Finally, we define the resistance embedding of a graph.

(42)

Definition V.3. Let Fr : V — RY be an n-dimensional map-
ing of G, such that for any vertex j, Fr(j) = u; = LT/er.
wj is a resistance embedding of graph G in RY.

VI. ANALYTICAL EXAMPLES

In this section we give examples for biharmonic distance,
connectivity and centrality in networks with special topology.
Closed form expressions are derived for all cases. We also
compare the asymptotic behavior of the steady-state variance

of first- and second-order systems.

We note that in some of these examples eigenvectors, are
given as complex vectors (although they can be given as real
vectors by an unitary linear transform). Therefore, we calculate
the biharmonic distances using the following expression:

N-1

1
2T 2 2
L + L, —2L]k— E —

dz(j, k) = "

|u7lj - unk|2 ) (43)
n=1

which is a slight variation of the definition in (5). We note
that 7 is used to indicate the imaginary unit in this section.

A. Complete Graph

A complete graph is a network in which every vertex is
connected to every other vertex. We consider a complete graph
of N vertices. Its Laplacian matrix of it is

N -1 -1 -1 -1
-1 N -1 -1 -1
L?\Z/): : : : :
-1 -1 N -1 -1
-1 -1 -1 N -1

Matrix L% is diagonalized by a discrete Fourier transform. It
can be verified that its eigenvalues and eigenvectors are given
by

Ao =0 (44)

=N, n=12---,N—-1 (45)
I i /N

Upm = ——=e" TV nm=0,1,--- , N—1. (46

N )

Proposition VL.1. In a complete graph G = (V,&) with N
vertices, let j, k €V, j # k. The biharmonic distance between
jand k is

V2

Proof: By substituting the eigenvalues and eigenvectors

(47)

in (44) - (46) into (43), we obtain
N-1 s — g2
dbik) =D~ T
n=1
N-1
—k)mn
sin N



|
Once we obtain the biharmonic distance between any
vertices j and k, we can derive the other related indices.
From (47), we derive the biharmonic Kirchhoff index for a
complete graph with NV vertices.
N(N-1) 2 N -1
D2 == =
5(9) 2 N2 N
We also derive the biharmonic vertex index and biharmonic
centrality for a complete graph,
2 2(N —-1)

2 (s _
DB(])_(N_l)'m_Tv
N3

2(N—-1)°

Finally, we use the biharmonic distance and Theorems IV.2,
IV.4, and IV.6 to determine closed-form solutions for the three
performance measures defined in Section II-C.

Cp(j) =

Theorem VL2. For a complete graph G with N vertices,
where the system dynamics are as given in (1),

. 1 ) .
HSO(jvk):ma jvke‘/v.]¢k7
. N -1 .
HSO(J)ZWa JeV;
N -1
Hso(g)zw-

We recall that in a complete graph, the total variance in
a system with first-order noisy consensus dynamics (36) is
Hro(G) € O(1) [8]. This is in contrast with Hso(G) which
is in O(1/N).

B. Star Graph

We consider a star graph of order N, which consists of one
hub and N — 1 leaves. Its Laplacian matrix is

N—-1 -1 -+ -1 -1
-1 1 -+ 0 0
Lﬁ\?w: : : - : : (48)
—1 0o --- 1 0
—1 0o --- 0 1

Its eigenvalues and corresponding orthonormal eigenvectors
are [20],

Ao =0 49)
=1, n=12---,N-2, (50)
Av_1 =N, (51)
and
1
U/O:\/—N(l’lal,-..a]wl?l)—r (52)
1
unzi(ou_lu'”7_17n70707"'70)T7
nn+1) “——
n=12---,N—-2, (53)
1
UN_1 = 1-N,1,---,1,1)". 54
o1 = e ) (54)

We use these eigenvalues and eigenvectors to find the
biharmonic distances between vertices in a star graph.

Proposition VL.3. In a star network G = (V,E) with vertex
0 being the hub with degree N — 1, and the remaining N — 1
vertices as leaves, the biharmonic distance between the hub
and a leaf is given by

N -1

dp(0.j) =\/—— F=12-- N-1 (9
and the biharmonic distance between any two leaves is
dp(j, k) =v2, k=12 N-1 j#k. (56)

Proof: The biharmonic distance between any two vertices
j, k €V, j#kis given by
N—2

. (Unj — unk)? | (un—1; —un—_1x)?
dip(i. k) = D =+ e . (57)
n=1
Substituting (49) - (51) and (52) - (54) into (57) yields the
theorem. [ |

With these biharmonic distances, we easily obtain the bi-
harmonic Kirchhoff index,

B N—-1 (N-1)(N-2)
D3(G) = (N —1) N T > +2
:N2—2N+%.

The expressions for biharmonic vertex index and biharmonic
centrality also immediately follow from the proposition, For
the central vertex in a star graph,

Dy = (v -1 Yo oL

2 N N
Cp(0) = (N]\_fil)z ;
and any leaf vertex j,
e
2
Cb()) = graerT

Applying Proposition V1.3 and Theorems IV.2, IV.4, and
IV.6, we obtain closed-form solutions for the three steady-state
variance performance measures.

Theorem VI.4. For a star graph G with N vertices, where

the system dynamics are as given in (1), and where vertex O
is the hub,

N -1

Hso(0,7) = N J#0;

Hso(j, k) =1, J#Fk; .k #0;
HSO(O):%;
Hso<j):N3_]§jV§N_1, j#0;
Hso(g)zg—l—kz—;ﬁ.

We recall that in an N-node star graph, the total variance
for a system with first-order noisy consensus dynamics is
Hro(G) € O(N) [8], and interestingly, in second order
systems, the total variance is also in O(N).



C. Cycle

The Laplacian of a cycle Cy with N vertices is given by

2 -1 0 - 0 0 -1

-1 2 -1 --- 0 0 0
Ly z

0 0 0 -1 2 -1

-1 0 0 0o -1 2

LY is a circulant matrix. Therefore, its spectrum is given by

a discrete Fourier transform. Let ¢,, = %; the eigenvalues
and eigenvectors of LY are

An =2(1 = cos2¢,),n=0,1,2,--- N —1 (58)
Upm = ——e""" n.m=0,1,--- ,N — 1. 59
VN >9)

We use these eigenvalues and eigenvectors to determine the
biharmonic distance.

Proposition VLS. In a cycle graph G = (V,E), let j, k €V,
k < j and j — k = l. Then, the biharmonic distance between
7 and k is

4 B3 2N 2 l

dp(1,k) =\ ==+ ———<+=

20 k) \/12N 6 12 6N o
The proof of the proposition is given in Appendix B.
Next, we calculate the derived indices using biharmonic

distances. For a cycle Cy with N nodes, the biharmonic
Kirchhoff index is

2
Dp(9) = 720

For any vertex j in a cycle, its biharmonic vertex index and
biharmonic centrality are

D3(j) =
360N

Csld) = Frrione -1
By applying Theorems IV.2, IV.4, and IV.6, along with

Proposition VI.5, we obtain closed-form solutions for the
steady-state variance performance measures.

(N5 +10N? — 11N).

260 (N4 +10N?% — 11),

Theorem V1.6. For a cycle graph G with N vertices where
the dynamics are given by (1),
n I’N 2 L l
24N 12 24 12N 127
For j,keV, k<jandj—k=1;

1 11 .
Hso(j) = 1440<N3+10N—N), jEV: (62

4 3

Hso(j, k) =
(61)

Hso(G) = (N*+10N? —11) . (63)

1440

To give some examples for Hso(j, k) in a cycle of N
vertices, it holds that Hso(0,1) = o (N — 1/N). For a even
N, Hso(0,N/2) = 5z N(N? + 8)

To compare with the first-order consensus dynamics, we
recall that in a cycle graph with N vertices, Hro(G) €
O(N?) [7], whereas in second-order systems Hgo(G) €

O(N%).

D. Path

We consider a path graph Py with N vertices. Let the
vertices be numbered 0,1,..., N — 1. The Laplacian matrix
of Py assumes the form

1 -1 0 0 0 0
-1 2 -1 0 0 0
ath .
L]JDV = :
0 0 0 -1 2 -1
0 0 0 0O -1 1

The eigenvalues and eigenvectors of Lf\?th are [21].

An =2(1—cos¢n), n=0,1,2,--- , N—1 (64)

Ugm =——= m=20,1,---N —1 (65)
\/_

= CN—=1,m=0,1,--N—1  (66)

where ¢,, = nm/N.
We use (64) - (66) to determine the biharmonic distance
between two vertices in a path.

Proposition VL7. In a path graph G = (V,&) with
N vertices, the biharmonic distance between two vertices

jkef0,1,...,N—1}, k<3, is
. -2 2 -3 3 4
A A N A j
dsGyk)y=(2+L -2 4L I I
5(5: k) <6+2 AN TE AN TN
k ik 2k K2 k2
LAY P LR N A 7
6 TontoaN T2 T an ©7)
1
TN L s L S
WAONTSN T3 AN TN

The proof of Proposition V1.7 is given in Appendix C.

We next use Proposition VI.7 to derive the biharmonic
Kirchhoff index for a path with N nodes,

1
—(2N° +5N3 —

N).
180 ™N)

D%(G) =

We can also derive the biharmonic vertex index and bihar-
monic centrality for a node j,

1
DE(j) =55 (N* = 10j(j + 1)N?
+105(2j + 1)(j +1)N —1052(j + 1) = 1),
Cr(j) = _ __3ON__ _ ,
B NT=10jG+1)NZ+10j(2j+ 1) G+ 1) N—105% (j+1)2—1

Finally, we present the following theorem that gives the steady-
state variance performance measures for Pp. This theorem
follows directly from Proposition VI.7 and Theorems IV.2,
IV.4, and 1V.6.



Theorem VI8. Letr G = (V,&) be a path graph with
V ={0,1,..., N — 1} and with the dynamics (1). Let j, k € V
with k < j. Then,

A U B S S S S
Hso(Jvk)_2<6+2 AN T3 TaN T an
k L +j2k+k2 k2
6 oN "oN T2 T 4N
T L L LA A
FrINtTIN T3 Ty aw ) ©®
1
Hso(j) = ——(4N* — (6052 + 60§ + 5)N?
so(J) 360N( (605° + 605 + 5)
+605(2j+1)(j + )N —6052(j +1)>+1)  (69)
4 2

To give some examples for Hso(j, k) and Hgo(j), we
note that Hso(0,N — 1) = LN(N? — 1) and Hgo(0) =
95 N (N? = 5/4) + 5555 For a even N, Hso(N/2,N —1) =

%N(N—2/5)(N—2) and Hso(N/2) = 25 N(N?+40)+

360N *
We recall that in a N-vertex path graph with first order noisy

consensus dynamics, the total variance is Hro = O(N?) [8].
This is in contrast with the second order system, which has
total variance in O(N%).

VII. NUMERICAL EXAMPLES

In this section, we give numerical examples of the bihar-
monic and resistance distances in several graphs.

Figure 1 shows the square of biharmonic distance and the
resistance distance in a cycle of 1000 vertices. Specifically
we plot both the distances between vertices j and k& where
k < 7, as a function of [ = j — k. The biharmonic distances
are obtained using (60). The figure shows that the square
of biharmonic distance and the resistance distance grow at
different rates in a cycle, as a function of graph distance, while
the vertices that have the largest graph distance have both the
largest squared biharmonic distance and resistance distance.

6 %108 250

0
0 500 1000 0 500
/ /

1000

Fig. 1. The squared biharmonic distance dZB (j, k) and resistance distance
dr (7, k) between two vertices j, k with [ = 7 —k in a cycle of 1000 vertices.

Figure 2 gives the biharmonic distances in a path graph. In
particular, we show the biharmonic distances between vertices
7 and k where £ < j. We only show two cases, £k = 0 and
k = 500. The biharmonic distances are calculated using (67).
For a given k, dg(j, k) grows slower near the ends of the path
and faster around the middle of the path. In addition, since for
even N, dp(0, N/2—1) = dp(N/2, N —1); we observe that

10000 6000

8000

4000
6000

dyif)
dy(if)

4000
2000

2000

0
0 500 1000 500 600 700 800 900 1000
i J
(@ k=0 (b) k=500

Fig. 2. Biharmonic distance dp (j, k) between two vertices j, k with | = j—k
in a path of 1000 vertices.

dp(0,N/2 — 1)+ dp(N/2 —1,N/2) + dg(N/2,N — 1) >
dp (0, N—1) in this example. This is in contrast with resistance
distance (and identically graph distance), where dr (0, N/2 —
1)+ dr(N/2—-1,N/2) + dr(N/2,N —1) =dr(0,N — 1).

Figure 3 compares biharmonic centrality and information
centrality in a path with 1000 vertices. Both curves are bell-
like and the node in the middle has the largest centrality. The
difference is that biharmonic distance distinguishes the center
nodes better, as illustrated by the figure.

%108 4 x10°°
7 35
36 =)
o @
O o 8
4 25
3 2
0 500 1000 0 500 1000
J J

Fig. 3. Biharmonic centrality and information centrality in a path of 1000
vertices.

The next example is a starry-line graph, composed of two
20-vertex star graphs connected by a path of 5 vertices. Fig-
ure 4 shows the biharmonic centrality (above) and information
centrality (below) in the graph. Vertices are colored according
to their centrality in the network. Red vertices have the largest
centrality and blue vertices have smallest centrality. The figure
shows that the biharmonic centrality distinguishes the center
of the line from other vertices on the line, while these vertices
have comparable information centralities.

Fig. 4. Biharmonic centrality and information centrality in a starry-line graph.



Figure 5 shows the first two principle components of the
biharmonic embedding as well as the biharmonic embedding
of a Barabdsi-Albert network with 100 nodes. We observe
that the biharmonic embedding stretches the edges out a bit
more than the resistance embedding. In fact, by reviewing
their definitions, we observe that the normalized components
in PCA for these two embeddings are the same; the differences
are the variances of the components.

0.04 L L L L L L L L L
003 002 -001 0 001 002 003 004 005 006 007

(b) Resistance embedding and information centrality.

Fig. 5. Embeddings and centralities of a 100-vertex BA network

VIII. CONCLUSION

We have investigated the performance of undirected net-
works with second-order consensus dynamics with stochastic
disturbances. We have established the connection between
second-order network performance measures and the bihar-
mornic distances in the communication graph. We introduced
the notions of a Kirchhoff index and vertex centrality based on
biharmonic distance to further help us describe the behavior of
second-order consensus dynamics, and we derived closed-form
expressions for the performance measures for complete graphs,
star graphs, cycles, and paths. Future work should include the
study of additional properties of biharmonic distances, as well
as analysis of the steady-state variance performance measures
in more general networks, including random networks and
real-world networks.

APPENDIX A
TRIGONOMETRIC IDENTITIES

We use the notation ¢,, =

«- We next introduce the
following identities.

Gr(1) = 1 P cos 2¢n,
MYUTN = (1 — cos2¢n)?
LN N1 o
~ 2N Z~sin®¢, 6 6N
N—1
1 1 — cosdey,
Gn(2) = — —_ "
N(2) N — (1 — cos 2¢n)?
1 sin? 2¢n _ 2 N cos? On
2N sin¢, N — sin? ¢y,
2N 4
=3 273y 72
Fr(1) 1 = 1 — cos ¢n
(1) = —
N = (1 —cos¢n)?
1= 1 N 1 7
- . N
2 = sin On/2 3 3
N—1
1 1 — cos2¢y,
Fn(2) = — _
n(2) N = (1 —cos ¢n)?
1 T gin? On 2 T cos? On/2
~ on w4 o o AT w2 1 o
2N = sin bn/2 N = sin On/2
4N 2
==l 94 = 74
3 t 3N 74
APPENDIX B

PROOF OF PROPOSITION VI.5

Proof: We note that 7 denotes the imaginary unit in this
proof.
Substituting (58) and (59) into Definition III.1, we obtain

Nl i2ign i2key, |2
2( e 1o il
d (5, k 2; 0 cwag e~ 20vU—h, (9
where
NZ 1 —cos(2l¢n)
— (1 —cos2¢y)? "

Without loss of generality, we assume 0 < [ < 2N.
In order to simplify G (1), we give two equivalent expres-
sions for the real part of the following sum

N-1
1 1— 21l¢7n
-N Z (1 — e2idn)2 (76)
n=1



The first expression is

RG(HN( ))
Z 1 — cos2l¢n _ 2—2cos 2(l = 1)
4N = \ (1 —cos¢n)? (1 — cos ¢n)?
1—cos2(l —2)¢n ~ 1—cos 4, 2 — 2co8 2¢,
(1 — cos ¢n)? (1 —cosdn)? (1 —coson)?

_ i(GN(l) —2GN(l—1)

—|—GN(l — 2) — GN(2) —|—2GN(1)> .

We note that G (0) = 0. Let Kn(I) = Gn(1) —Gn(1—1).
We rewrite (77) for the sake of conciseness in future derivation
as

a7

Re(Hn (1))

1( [(Gn (1) — Gu(l—1)) — (Gn(l—1) — Gx(l —2))]

"1
—[(Gn(2) =GN (1)) = (GN(1) — GN(O))])
1
= 7 [(En(l) = KEn(l = 1)) = (En(2) — En(1))] (78)
Next, we use the summation formula Z"_Ol 2l = =2 1o
expand (76)
N-1 e2ilén
1 1-— 1
Hx (D) -N — 1 — e2idn 1 — e2i¢n
N-1

l7 .
1 L/ e2il'en 1 1
N;l/z: T_c@on  1_cion | 1_ c2iom
- 62“/4’” -1

1
1,1 1 N—11—
<l’—2 1 — e2idn ) Z 1— 622¢n

ZIH

n=1 n=11'=0
1 N—-11-11-1 g N-1
e 23D SIS B
1 :i zj - N—-11— .
FLELUNL e O

The triple summation in the last equality can be simplified
by carrying out the summation over 7 first,

N—-11-11-1

N Z Z Z 2il"” ¢,
n=11'=21"=1
-1 1-1 1 ezzﬂ.l//
N Z Z < — eimy"" /N - 1)

l’ 20"=1

H
IH

. 17
277 — 1 for

where last equality is obtained by applying e
" eZ.
Using the fact that Re (1/(1 —¢")) = 1/2, 0 < 6 < 2m,

the real part of the fourth term in (79) is

N—-11-1
(N —-1)
R e
Therefore,
12 l l
Re(Hy(l)) = =—=—-—=—=-+1. (80)

11

Let Xn(I) = 4Re(Hy(1)). From the equivalence of (78)
and (80), we derive

Xn(l) = (KN(Z) ~Kn(— 1)) - (KN(2) - KN(1)).

This recursive equation can be solved to give

Ky(l)=Gn(l) - Gn(l—1)
= Y () + (1 - )G (2) - (21 - 3)Gn(1),
and
Gn(l)=Zn(1)+ (g — %)GN@) — (17 =20)G N (1), (81)
where
l
Yn(l) =Y Xn(j) and
j=2
1 1
Zn() = Yn() =>_> Xn(k)
Jj=2 j=2 k=2

Substituting (71), (72), and (80) into (81), we finally obtain
the result for G (1) as

"B PN 2 l
Ghnl) =75+ ———=
MO=e8 37 % v T3
Plugging this value into (75) generates the result in Proposition
VLS. ]
APPENDIX C

PROOF OF PROPOSITION VI.7

Proof: We note that 7 denotes the imaginary unit in this
proof.
By definition, the biharmonic distance between j and k,
i <kis
¢n — cos(k + %)an]z
2(1 — cos ¢n)?

2 |

N—
Z COS

(FN( +h+1)+Fn(j—k)

l\JI»—l

. 1
. §FN(2J +1) = 3Fn 2k + n) (82)

where
_ 1 NE: 1 — cos lgbn
Fn(l) = N — (1 — cos¢n)?
Next, we calculate the real part of the following sum in two
different ways

Nl 1 _ cilgn
S
First, let Ex (1) = Fy(1) — Fy(I — 1). We obtain
Re(Tn (1) = i (FN(Z) ~9Fn(l— 1)+ Fx(l—2)
— Fn(2) + 2FN(1)>
i [(EN(Z) —En(l—1)) — (Ex(2) - EN(1))] (84)



Second, we use the summation formula Z;.’:_OI o 1119”:
and derive
T(l) = L ey L |
N N = 1— ei¢n 1— e“ﬁn
N—-11-1 !
1 elton 1 1
N 221 Z <1_eid>n T 1 cien T T ciem
n=11"=0
R ST R
N 1 — eitn N 1 — eitn
n=1 M/=2 n=11'=0
B 1 N—-11-11-1 e,L-lNd)n 1 ]\7711
N n=1]/=21"=1 N n=1
N—-11-1 N—-11-1
1 1 1
N 1+ 85
N t N DT (85)
n=11"=2 n=11'=0

Again, we change the order of summation over n, I’ and 1"
to simplify the first term in (85),

l’ 201 =1

The real part of E/ and the fourth term in (85), denoted E,
are

1
Re(E!) = — [212 -8+ 7 1)}
N—-11-1
1 1 (N —1)I
E)) = — i =
Re(Ey) = Re{ 1— ¢iom IN
n=11'=0
Hence,
AN =)+ 212 -4+ (-1} -1
Re(Tn (1)) = ( ) T (=1) . (86)

Equating (84) and (86) leads to

— (> =20)Fn(1). (87)
Next, we evaluate Fiy (1) and Fn(2)
N—
1 — cos d)n _ 1 1
N 231 (1 —cos¢n)? 2N ; sin? ¢ /2’ (88)
2:1 1—cos2¢pn 2 N cos? On /2 (89)
< (1—cos¢n)? N sin? ¢, /2

= n=1

For Fn(1), we start by expanding the expression

2
S22V (sin? 77 )- Since SV 1/(s1n2’]‘\7{) e
we derlve
2%31 1 AN? 1
2w 9 9
n=1 s 2N 3 3
__ 1 P 1 L
sin? % sin? 22—1’\“, sin2 (N;A})rr sin2 12V_1<;
+— b1 1
sin? (N;J\})Tr sin? —(21\;1}2)” sin? —(2]\;71)” '
For sinz = sin(m — z), 0 < 2 < 27 and 1/(sin? =1
2N—-1 N—1
1 1
5 =2 —— +1.
2 nmw 2 nm
nXZ:l sin 2N nzzjl sin 2N

-1 1'-1 l”
Z Z |:1 _ 617'ry”/N 1:|

Thus, we obtain identity (73); that is,

N-1
Fv(1) 1 1 1 [4N? 1 N 1
NU) =5+ T or vl ) =
2 sin? om 4N 3 3 3 3N
n=1 2N
s : 2 Nz
Similarly, we expand (5) by noting that cos” 55 = 0,
2N—-1 2 nmw N-1 2 nmw 2 N 2N—-1 2 nmw
Z COS SN Z COS SN COS SN + Z SN
sin? 2= sin? 2T gjn? 4n 2om
n=1 2N n=1 2N 2N n= N+1 2N
-1 2 nmw
LN st iy
- 2 nw
n=1 S 3N
N— 1 cos? ¢n N2 2N 1 cos® 22
For Z me = —N+2 wehave ) | =5 =

— 2N + g. Therefore, we obtain identity (74); that is,

Fi( NZ::

cos ¢n/2
sin® ¢, /2 3

AN 2
24 —.
3N

By substituting (73), (74), and (86) into (87), we derive the
following closed formula for Fiv (1)

I B» 2N 02 (-t 1 1
Fnl)=——-—%+—F——-—= - — —.
MU=y 3t S v T ey T3
By plugging Fi (1) into (82), we obtain the result in Proposi-
tion VL.7. ]
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